The challenge of modeling climate-change impacts arises in the wide-ranging nature of processes that underlie the working of markets, ecosystems, and human behavior. The analytical framework used in the report integrates modeling components that range from the macro to the micro and from processes that are driven by economics to those that are essentially biological in nature. 
Figure A1.1-IMPACT 2009 modeling framework
The modeling methodology reconciles the limited spatial resolution of macro-level economic models that operate through equilibrium-driven relationships at a national level with spatially disaggregated models of dynamic biophysical processes. The climate-change modeling system combines a biophysical model (the DSSAT crop modeling suite) of responses of selected crops to climate, soil, and nutrients with the ISPAM dataset of crop location and management techniques (You and Wood, 2006) , illustrated in Figure A1 .2. These results are then aggregated and fed into the IMPACT model.
Figure A1.2-ISPAM dataset development process CROP MODELING
The DSSAT crop-simulation model is an extremely detailed process model of the daily development of a specific variety of a crop, from planting to harvest ready. It requires daily weather data, including maximum and minimum temperature, solar radiation, and precipitation, a description of the soil, physical and chemical characteristics of the field, and crop management information, including crop variety, planting date, plant spacing, and inputs such as fertilizer and irrigation.
For maize, wheat, rice, groundnuts, and soybeans, we use version 4.0 of the DSSAT crop model (Jones, et al., 2003) . For mapping these results to other crops in IMPACT, the primary assumption is that plants with similar photosynthetic metabolic pathways will react similarly to any given climate-change effect in a particular geographic region. Millet, sorghum, sugarcane, and maize all use the C4 pathway and are assumed to follow the DSSAT results for maize, in the respective geographic regions. The remaining crops in IMPACT are assumed to follow the C3 pathway and use the average responses from wheat, rice, soy, and groundnut from the same geographic region, with two exceptions. The IMPACT commodities of "other grains" and dryland legumes are directly mapped to the DSSAT results for wheat and groundnuts, respectively.
CLIMATE DATA
DSSAT requires detailed daily climate data, not all of which are readily available, so various approximation techniques were developed. To simulate current climate, we use the WorldClim current conditions dataset (www.worldclim.org), which is representative of 1950 to 2000 and reports monthly average minimum and maximum temperatures and monthly average precipitation. Site-specific daily weather data are generated stochastically using the SIMMETEO software.
Precipitation rates and solar radiation data were obtained from NASA's LDAS website (http://ldas.gsfc.nasa.gov/). We used the results from the Variable Infiltration Capacity (VIC) land surface model. For shortwave radiation (the sunlight plants make use of), monthly averages at 10 arc-minute resolution were obtained for the years 1979to 2000. Overall averages for each month were computed between all the years (e.g., the January average was computed as [January 1979 + January 1980 
. + January 2000 ] / 22).
Rainfall rates were obtained at three-hourly intervals for the years 1981, 1985, 1991, and 1995 . A day was determined to have experienced a precipitation event if the average rainfall rate for the day exceeded a small threshold. The number of days experiencing a rainfall event within each month was then counted up and averaged over the four years.
The monthly values were regressed nonlinearly using the WorldClim monthly temperature and climate data, elevation from the GLOBE dataset (http://www.ngdc.noaa.gov/mgg/topo/globe.html) and latitude. These regressions were used to estimate monthly solar radiation data and the number of rainy days for both today and the future. These projections were then used by SIMMETEO to generate the daily values used in DSSAT.
For future climate, we use the fourth assessment report A2 runs using the CSIRO and NCAR models.
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OTHER AGRONOMIC INPUTS
At one time the A2 scenario was considered an extreme scenario although recent findings suggest it may not be. We assume that all climate variables change linearly between their values in 2000 and 2050. This assumption eliminates any random extreme events such as droughts or high rainfall periods and also assumes that the forcing effects of GHG emissions proceed linearly; that is, we do not see a gradual speedup in climate change. The effect of this assumption is to underestimate negative effects from climate variability.
Six other agronomic inputs are key: soil characteristics, crop variety, cropping calendar, CO 2 fertilization effects, irrigation, and nutrient levels.
Soil characteristics
The DSSAT model uses many different soil characteristics in determining crop progress through the growing season. John Dimes of ICRISAT and Jawoo Koo of IFPRI collaborated to classify the FAO soil types into 27 metasoil types. Each soil type is defined by a triple of soil organic carbon content (high/medium/low), soil rooting depth as a proxy for available water content (deep/medium/shallow), and major constituent (sand/loam/clay). The dominant soil type is a pixel is used to represent the soil type for the entire pixel.
Crop variety
DSSAT includes genetic coefficients for many different varieties of each crop. For the results reported here, we use the maize variety Garst 8808, a winter wheat variety, a large-seeded Virginia runner type groundnut variety, a maturity group 5 soybean variety, and for rice IR64 (a recent IRRI indica rice variety) and a Japonica variety. The rice varieties are assigned to geographic areas depending upon what variety is more commonly cultivated within the region.
Cropping calendar
Climate change will alter the cropping calendar in some locations, shifting the month in which a crop can be safely planted forward or back. Furthermore, in some locations, crops can be grown in 2000 but not in 2050, or vice versa. Developing a climate-based growing season algorithm for winter wheat was challenging. Our solution was to treat winter wheat differently than other crops. Rather than using a cropping calendar, we let DSSAT use planting dates throughout the year and choose the date that provides the best yield for each pixel.
CO 2 fertilization effects
Plants produce more vegetative matter as atmospheric concentrations of CO 2 increase. The effect depends on the nature of the photosynthetic process used by the plant species. So-called C3 plants use CO 2 less efficiently than C4 plants so C3 plants are more sensitive to higher concentrations of CO 2 . It remains an open question whether these laboratory results translate to actual field conditions. A recent report on field experiments on CO 2 fertilization (Long et al. 2006) finds that the effects in the field are approximately 50 percent less than in experiments in enclosed containers. And another report (Zavala et al. 2008) finds that higher levels of atmospheric CO 2 increase the susceptibility of soybean plants grown in the U.S. Midwest to the Japanese beetle and maize to the western corn rootworm. So the actual benefits in farmers' fields of CO 2 fertilization remain uncertain.
DSSAT has an option to include CO 2 fertilization effects at different levels of CO 2 atmospheric concentration. To capture the uncertainty in actual field effects, we simulate two levels of atmospheric CO 2 in 2050-369 ppm (the level in 2000) and 532 ppm, the expected CO 2 levels in 2050 actually used in the A2 scenario. For some results, in particular the cost estimates, we report only the outcomes with 369 ppm, called the No CF option, under the assumption that this more accurately reflects the effects of CO 2 fertilization in farmers' fields.
Our aggregation process from ISPAM pixels and the crop model results to IMPACT FPUs results in some improbable yield effects in a few locations. To deal with these, we introduce the following caps. In the crop modeling analysis we cap yield increases at 20 percent at the pixel level. In addition, we cap the FPU-level increase at 30 percent. Finally, we limit the negative effect of climate on yield growth in IMPACT to -2 percent per year.
Irrigation
Rainfed crops receive water either from precipitation at the time it falls or from soil moisture. Soil characteristics influence the extent to which previous precipitation events provide water for growth in future periods. Irrigated crops receive water automatically in the DSSAT model as needed. Soil moisture is completely replenished at the beginning of each day in a model run for an irrigated crop.
Nutrient level
The DSSAT model allows a choice of nitrogen application amounts and timing. We vary the amount of elemental N from 15 to 200 kg per hectare depending on crop, management system (irrigated or rainfed) and country.
FROM DSSAT TO THE IMPACT MODEL
The DSSAT model is run for five crops (rice, wheat, maize, soybeans, and groundnuts) at 0.5-degree intervals for the locations that the ISPAM dataset says the crop was grown in 2000. Other crops are assumed to have productivity effects from climate change similar to these five crops as described above. The results from this analysis are then aggregated to the IMPACT FPU level as described below.
The IMPACT 2009 Model 2
The IMPACT model was initially developed by the International Food Policy Research Institute (IFPRI) for projecting global food supply, food demand, and food security to year 2020 and beyond (Rosegrant et al. 2001) . It is a partial equilibrium agricultural model with 32 crop and livestock commodities, including cereals, soybeans, roots and tubers, meats, milk, eggs, oilseeds, oilcakes and meals, sugar, and fruits and vegetables. IMPACT has 115 country (or in a few cases country aggregate) regions, within each of which supply, demand, and prices for agricultural commodities are determined. Large countries are further divided into major river basins. The result, portrayed in Figure A1 .9, is 281 spatial units, called food production units (FPUs) . The model links the various countries and regions through international trade using a series of linear and nonlinear equations to approximate the underlying production and demand relationships. World agricultural commodity prices are determined annually at levels that clear international markets. Growth in crop production in each country is determined by crop and input prices, exogenous rates of productivity growth and area expansion, investment in irrigation, and water availability. Demand is a function of prices, income, and population growth and contains four categories of commodity demand: food, feed, biofuels feedstock, and other uses. 
MODELING CLIMATE CHANGE IN IMPACT
Climate-change effects on crop productivity enter into the IMPACT model by affecting both crop area and yield. Yields are altered through the intrinsic yield growth coefficient, tni gy , in the yield equation (1) as well as the water availability coefficient (WAT) for irrigated crops. These growth rates range depend on crop, management system, and location. For most crops, the average of this rate is about 1 percent per year from effects that are not modeled. But in some countries the growth is assumed to be negative while in others it is has high as 5 percent per year for some years.
We generate relative climate change productivity effects by calculating location-specific yields for each of the five crops modeled with DSSAT for 2000 and 2050 climate as described above and then constructing a ratio of the two. The ratio is then used to alter
(1) tni gy . Rainfed crops react to changes in precipitation as modeled in DSSAT.
3 tni β -yield intercept for year t, determined by yield in the previous year;
tni PS -output price in year t;
tni PF -input prices in year t. ε -input and output price elasticities.
Irrigated crop effects of climate change are captured as part of the hydrology model built into IMPACT, a semidistributed macro-scale hydrology module that covers the global land mass except the Antarctica and Greenland. It conducts continuous hydrological simulations at monthly or daily time steps at a spatial resolution of 30 arcminutes. The hydrological module simulates the rainfall-runoff process, partitioning incoming precipitation into evapotranspiration and runoff that are modulated by soil moisture content. A unique feature of the module is that it uses a probability distribution function of soil water holding capacity within a grid cell to represent spatial heterogeneity of soil properties, enabling the module to deal with sub-grid variability of soil. A temperature reference method is used to judge whether precipitation comes as rain or snow and determines the accumulation or melting of snow accumulated in conceptual snow storage. Model parameterization was done to minimize the differences between simulated and observed runoff processes, using a genetic algorithm. The model is spun up for five years at the beginning for each simulation run to minimize any arbitrary assumption of initial conditions. Finally, simulated runoff and evapotranspiration at 30 arc-minute grid cells are aggregated to the 281 food production units of IMPACT model.
One of the more challenging aspects of this research has been to deal with spatial aggregation issues. FPUs are large areas. For example, the India Ganges FPU is the entire length of the Ganges River in India. Within an FPU, there can be large variation in climate and agronomic characteristics. A major challenge was to come up with an aggregation scheme to take outputs from the crop modeling process to the IMPACT FPUs. The process proceeds as follows. First, within an FPU, choose the appropriate ISPAM data set, with a spatial resolution of 5 arc-minutes (approximately 10 km at the equator) that corresponds to the crop/management combination. The physical area in the ISPAM data set is then used as the weight to find the weighted-average-yield across the FPU. This is done for each climate scenario (including the baseline). The ratio of the weighted-average-yield in 2050 to the baseline yield is used to adjust the yield growth rate in equation (1) to reflect the effects of climate change.
In some cases, the simulated changes in yields from climate change are unrealistically large and positive, usually due either to starting from a low base (which can be common in marginal production areas) or unrealistically large effects of carbon dioxide fertilization. To avoid these artifacts, we place a cap on the changes in yields at 20-percent gains over the baseline at the pixel level.
Harvested areas in the IMPACT model are affected by climate change in a similar way to yields, though with a slight complication. In any particular FPU, land may become more or less suitable for any crop and will impact the intrinsic area growth rate, tni ga in the area growth calculation. Water availability will affect the WAT factor for irrigated crops as with the yields.
Area changes due to climate changes are handled asymmetrically. When the crop calendar in an FPU changes so that a crop that was grown in 2000 can no longer be grown in 2050, we implement an adjustment to tni ga that will bring the harvested area to close to zero by 2050. However, when it becomes possible to grow a crop in 2050 where it could not be grown in 2000, we do not add this new area. An example is that parts of Ontario, Canada with too short a growing season in 2000 will be able to grow maize in 2050 in the climate scenarios used. As a result, our estimates of future production are biased downward somewhat. The effect is likely to be small, however, as new areas have other constraints on crop productivity, in particular soil characteristics.
MODELING THE COSTS OF ADAPTATION TO CLIMATE CHANGE
This section describes the methodology used to provide estimates of the costs of adapting to climate change.
A key issue is what to use as the metric for adaptation. The results reported here are based on two measures: the human well-being measure of malnutrition in the highly vulnerable demographic of pre-school children and average per capita calorie consumption. We use the underweight definition of malnutrition (proportion of children under 5 falling below minus two standard deviations from the median weight-for-age standard set by the U.S. 4 We use the underweight definition of malnutrition, which is low weight for age or weight for age; more than a standard deviation of 2 below the median value of the reference (healthy) population. Two alternate definitions are National Center for Health Statistics and the World Health Organization). The malnutrition estimate is determined in part by per calorie availability but also includes access to clean drinking water and maternal education, which are assumed not to change.
Estimating child malnutrition
The IMPACT model provides data on per-capita calorie availability by country. Child malnutrition has many determinants, of which calorie intake is one. The percentage of malnourished children under the age of 5 is estimated from the average per-capita calorie consumption, female access to secondary education, the quality of maternal and child care, and health and sanitation (Rosegrant et al. 2008 ). The precise relationship used to project the percentage of malnourished children is based on a cross-country regression relationship of Smith and Haddad (2000) , and can be written as follows: Malnutrition data are taken from the World Development Indicators. Other data sources include the FAO FAOSTAT database, and the UNESCO UNESCOSTAT database.
(24)
where NMAL = number of malnourished children and POP5 = number of children 0−5 years old in the population.
Observed relationships between all of these factors were used to create the semi-log functional mathematical model, allowing an estimate of the number of malnourished children derived from data describing the average per capita calorie consumption, female access to secondary education, the quality of maternal and child care, and health and sanitation.
For this report, we assume that life expectancy, maternal education and clean water access are held constant in all future scenarios and limit investments to three areas: agricultural research and development spending, rural roads , and irrigation area expansion and efficiency improvements.
Investments in agricultural research, roads, and irrigation are used to alter calorie availability and child malnutrition estimates. The approach is to estimate the productivity growth needed to meet a malnutrition or calorie availability
• Stunting. Low height for age, or height for age more than a standard deviation of two below the median value of the reference (healthy) population • Wasting. Low weight for height, or weight for height more than a standard deviation of two below the median value of the reference (healthy) population.
target and then estimate the investment expenditures needed in research, irrigation, and road to generate that productivity growth.
AGRICULTURAL RESEARCH INVESTMENTS
The process of estimating agricultural research investments involves using expert opinion to estimate yield responsiveness to research expenditures and estimation of future expenditures on the basis of historical expenditure growth rates. The main portion of the data on public agricultural research is from the ASTI data set (ASTI, 2009) The 2050 baseline research expenditures are generated by applying different rates of growth to the historical growth rates to the 2000 US $ values. These historical growth rates, g h , are obtained from observed or estimated data on agricultural and research spending discussed above. The historical growth rate for each country is computed as an average of the annual historical growth rates for the last ten years or less when data is not available. For the remaining countries, regional average historical growth rates are computed from the data set and used for individual countries. The assumed baseline growth rates of research expenditure, g a , are given in For these countries, ASTI uses agricultural GDP of the country and the average intensity ratio of the region that the country is located to generate this estimate. 
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We assume that the yield elasticity with respect to research expenditures ( 
For a given scenario, we determine the change in spending that is implied in final outcome for agricultural performance. This change is calculated with respect to the level of spending in the baseline case described above.
We use 2050 cereal yields for the baseline and the respective scenarios. The scenario agricultural research cost- 
The resulting level of spending (
Scenario AR
) represents the change needed to achieve the new level of productivity to achieve the target.
Rural Roads
Higher yields and more cropped area require maintaining and increasing the density of rural road networks to increase access to markets and reduce transaction costs. We consider two relationships between roads and agricultural production: the effects on area expansion and yield growth.
-Area effect
Expanded crop area requires roads to deliver inputs and move goods from fields to market. We assume that any growth in cropped area requires a similar growth in rural roads and that it is a one to one relationship. Rural road length data were taken from World Road Statistics 2002. We use information from latest available year, typically 2000, to calculate rural road length (r 2000 ) as total roads minus highways minus motorways.
Rural road investment costs are calculated by multiplying the extra road length between 2000 and 2050 by the road construction cost per km ( r C ) values in Table A1 .2, derived from various World Bank road construction project documents. The values in Table A1 .2 are in 2005 US$; they are deflated to 2000 US$ for the analysis. We calculate the extra road length required due to area increase ( a r ) as follows: Rural road density has been shown to be among the most important contributors to productivity growth in agriculture. This is due to the impact that better roads have in reducing the transport component of input costs and transaction costs of marketing products. In addition, roads improve the flow of information on market conditions, new technologies, and reduce the potential risks to their enterprises.
The yield effect calculation includes two components. The first, called Roads yldinc , says how much of a given yield increase is driven by road expansion. Table A1 .3 reports regional averages for this variable. For example, in Latin America 4.3 percent of any yield increase is driven by road expansion.
The second component is the elasticity of yields with respect to road expansion. Table 6 in Fan, Hazell, and Thorat (1998) reports the elasticity of total factor productivity to road investments as 0.072 in India using data from the 1970s through the early 1990s. We use this value for all countries. 
The total investment in rural roads ( 
Irrigation
Irrigation investments include two components: costs for expanding irrigated area and costs related to the increase of irrigation water use efficiency.
-Area expansion
The total investments in irrigation are calculated by multiplying the estimated net irrigated area increase between 2000 and 2050 by the cost of irrigation per hectare. Total irrigated area data that are produced by IMPACT have to be adjusted for cropping intensity because the data include multiple cropping seasons and therefore overstates the physical area.
We calculate net irrigated area ( 
Irrigation unit costs vary by region, as indicated in Table A1 .4. In a few countries where better information is available, it is used instead. Sources: Literature review of World Bank, Food and Agriculture Organization (FAO) and International Water Management Institute (IWMI) documents, project reports, and meta-evaluations directly related to completed and on-going irrigation projects.
-Changes in irrigation efficiency
Irrigation efficiency needs to increase to ensure that sufficient water is available to meet future food needs. In IMPACT, we use the concept of basin efficiency ( BE ) to account for changes of irrigation efficiency at all levels.
Basin efficiency describes irrigation water-use efficiency at the river-basin scale (Haie and Keller 2008; Keller and Keller 1995) . It fully takes into account the portion of diverted irrigation water that returns back to rivers or aquifer systems and thus can be reused repeatedly, usually by downstream users, thus avoiding the limitation of the conventional irrigation efficiency concept that basically treats return flow as "losses." Basin efficiency is defined as the ratio of beneficial irrigation water consumption to total irrigation water consumption:
Our base-year basin efficiency values range from 0.4 to 0.7. Given trends in investment in water use-efficiency enhancements, and the need to use water more efficiently under growing water scarcity, we project small enhancements in BE over time, with levels increasing to 0.5-0.8 by 2050 under the baseline. An upper level of BE is set at 0.85 because it is impossible to reach efficiency levels of 100 percent. To account for the investment costs associated with increasing irrigation efficiency, we used one-third of the cost of recent irrigation modernization projects using sprinklers as a proxy. Based on a literature review of World Bank, Food and Agriculture Organization (FAO), and International Water Management Institute (IWMI) documents, project reports, and meta-evaluations directly related to completed and on-going irrigation projects, we identified per-hectare investment cost of US$2,144 for East, South, Southeast, and Central Asia; US$4,311 for Sub-Saharan Africa and Latin America; and US$953 for the Middle East and North Africa. For the various climate-change scenarios, we calculated investment costs in irrigation efficiency enhancement. For the increased agricultural investment cost scenarios, we exogenously increased BE values by 0.15 and also calculated associated investment costs using the following methodology.
Let subscript "0" denote the baseline and "1" denote an alternative irrigation investment scenario, and assume that additional area that adopts sprinkler irrigation (a proxy of high efficiency irrigation) under the projected year accounts for a share of X out of total irrigated area in 2050 for the region, and we have:
where we assume that all water consumption in sprinkler-irrigated fields is beneficial consumption. Now we assume that beneficial consumption is the same in the baseline as in the alternative scenario, therefore,
Bring (16) into (17) and simplify to get: Then we simulate agricultural productivity increases in the developing world that are sufficient to bring child malnutrition counts down to the level in 2050 with climate change that it was at without climate change. Because agricultural trade is a potentially important stabilizing force in response to climate change we also explore briefly two scenarios, a complete liberalization of agricultural trade and domestic support policies beginning in 2010 and a doubling of protection in 2010.
HOW WE REPRESENT THE FUTURE
LIMITATIONS
Three important assumptions were made in this report. The first is that all climate variables change linearly between their values in 2000 and 2050. This assumption eliminates any random extreme events such as droughts or highrainfall periods and also assumes that the effects of greenhouse gas emissions proceed linearly; that is, a possible speedup in climate change is not included. The effect of this assumption is that the negative effects from climate variability are underestimated. This assumption also likely lowers the adaptation cost estimates substantially. The second assumption is that that CO 2 fertilization of crops does not result in higher yields in farmers' fields. The third is that autonomous adaptation does not include the possibility of varietal substitution. These last two assumptions likely increase the adaptation cost estimates somewhat.
Several potential climate-change impacts cannot be modeled due to data limitations. Their incorporation would almost certainly make the effects significantly worse than what is presented here. First, direct effects on livestock are not included. These range from less-productive pastures for ruminants because of heat and precipitation changes to increased stress in livestock confinement systems. Second, pests and diseases (ranging from larger insect populations and greater competition from weeds to more infectious diseases) might become a more serious problem as a result of higher temperatures and more precipitation. Third, this analysis does not take into account the effect of sea-level rise on coastal agricultural resources. Coastal rice paddies might see saline intrusion, coastal seafood pens might be lost, and marine fisheries might be less productive as mangrove swamps are affected. Fourth, in some geographic locations, such as where rivers derive from glaciers in the mountains of Asia, there might be more varied flows of water with effects on irrigated agriculture and fisheries based on water sources from rivers. Finally, the effects of climate variability and extreme events are not included, as currently available climate scenario data do not account for such events.
